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The Drug Information Association Bayesian Scientific Working Group (BSWG) was formed in 2011 with a vision to ensure that
Bayesian methods are well understood and broadly utilized for design and analysis and throughout the medical product
development process, and to improve industrial, regulatory, and economic decision making. The group, composed of indi-
viduals from academia, industry, and regulatory, has as its mission to facilitate the appropriate use and contribute to the
progress of Bayesian methodology. In this paper, the safety sub-team of the BSWG explores the use of Bayesian methods
when applied to drug safety meta-analysis and network meta-analysis. Guidance is presented on the conduct and reporting
of such analyses. We also discuss different structural model assumptions and provide discussion on prior specification. The
work is illustrated through a case study involving a network meta-analysis related to the cardiovascular safety of non-steroidal
anti-inflammatory drugs. Copyright © 2013 John Wiley & Sons, Ltd.
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1. INTRODUCTION

Meta-analysis has been defined as ‘a statistical analysis which
combines the results of several independent studies considered
by the analyst to be combinable’ [1]. When combining information
from different trials, the following factors must be carefully con-
sidered: (1) what data to combine; (2) the assumptions or mod-
els used to describe the relationship between the trial-specific
parameters and the potential covariates (trial or subject-specific);
(3) how to carry out statistical inference, that is, to quantify the
information about the parameter(s) of interest; and (4) drawing
conclusions from the results. Steps (2) and (3) typically require
specialist statistical skills in addition to some level of subject-
matter expertise. Within the context of drug safety evaluation,
based on combining information from multiple randomized con-
trol trials, in this paper, we shall focus on steps (2) and (3) in a
Bayesian framework.

In terms of drug safety, there have been a number of high pro-
file examples in which a published meta-analysis has raised con-
cerns, leading to product withdrawals or large reductions in usage
of the therapy under investigation (e.g., [2, 3]). A running exam-
ple, considered throughout our presentation, is an investigation
involving cardiovascular outcomes related to non-steroidal anti-
inflammatory drugs (NSAIDs) [4]. By combining direct and indi-
rect evidence from multiple treatments, the authors go beyond
classical meta-analysis, which only considers direct evidence.
This requires methods for network meta-analysis (NMA) [5] or
mixed treatment comparison (MTC) models [6], which are typically

implemented in practice using a Bayesian statistical framework
[7, 8] (although classical modeling approaches, such as those
presented in [5], are possible).

Bayesian methods are based upon the interpretation of prob-
ability as a (possibly subjective) measure about one’s current
state of knowledge. This allows the expression of uncertainty
about any unknown quantity and differs markedly from the clas-
sical, long-run ‘frequentist’ view, which restricts probability state-
ments to events that can be replicated. When applying Bayesian
ideas to statistical modeling, we must begin with a prior distribu-
tion that embodies any existing prior knowledge or beliefs con-
cerning the set of model parameters. Once further information
(say, study data) is obtained, the prior is updated to the poste-
rior distribution using the basic principles of conditional proba-
bility. Statistical inferences (point estimates, confidence intervals,
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and hypothesis tests) then emerge straightforwardly from appro-
priate summaries of the posterior; see, for example, [9] for a full
description of Bayesian modeling and computational tools.

To practitioners, the fundamental philosophical differences
between the Bayesian and the frequentist framework are often
of little concern. Rather, the key point is how Bayesian methods
can be used to add value when tackling a particular problem.
When conducting a meta-analysis, a variety of potential advan-
tages of the Bayesian approach are given in an insightful recent
review [10]. However, these authors acknowledge that many of
these points can also be tackled from frequentist perspective. In
the literature, there is often a tendency to compare a relatively
naive classical approach with a more tailored Bayesian approach
or vice versa. Therefore, in the context of rare adverse event
meta-analysis and evidence synthesis, in the subsequent text, we
emphasize later three key advantages of applying a Bayesian anal-
ysis that might be used in conjunction with classical meta-analysis
techniques, along with some commentary on how the Bayesian
approach adds value.

First, Bayesian methods offer unified modeling, as well as the
ability to explore a wide range of modeling structures that per-
mit the synthesis of evidence from multiple sources and may also
incorporate multiple treatments. For instance, with appropriate
prior specification, models with range assumptions, such as those
described in [11], can be easily fitted in the Bayesian framework
using MCMC computational methods, facilitating sensitivity anal-
ysis across a range of potential structures. Model comparison can
also be accomplished using the deviance information criterion
(DIC) [12] or other straightforwardly computed and interpreted
measures [13]; model averaging is also possible [14]. Addition-
ally, Bayesian simulation-based methods do not need to rely on
asymptotic approximations and can straightforwardly accommo-
date uncertainty about nuisance parameters and missing data,
often leading to more accurate statements about uncertainty in
the overall conclusions.

Second, Bayesian methods permit formal incorporation of
other sources of evidence by utilizing prior distributions for
model unknowns. When considering meta-analysis of rare events,
the use of prior distributions not only provides potential benefits
but may also lead to concerns regarding the impact of inappropri-
ately informative priors. For example, while one potential advan-
tage of the Bayesian framework is the ability to incorporate prior
information regarding background rates of events, there is lim-
ited research into the appropriate way to accomplish this in prac-
tice. Sensitivity analysis is typically required, along with careful
explanations of how all prior distributions were formed. A second
example of the potential benefit here is the ability to adopt prior
distributions on parameters expressing between-study variabil-
ity in models that incorporate random effects. The use of weakly
informative priors can make such models much easier to iden-
tify, and avoid some of the optimization problems associated with
classical estimation techniques.

Finally, Bayesian methods enable the user to express analysis
results in terms of direct probability statements about all model
unknowns, given all available evidence. Compared to classical p-
values (which have a somewhat counterintuitive interpretation
as the long-run probability of obtaining findings as surprising as
those observed or more so had the null hypothesis been true),
such Bayesian probability statements (say, the posterior proba-
bility that a certain drug is safest) are often much more easily
understood by practitioners, ultimately improving the decisions
that they make.

In the remainder of this paper, we will provide guidance on
the methods, implementation, and reporting of a Bayesian NMA
in the context of drug safety assessment as follows. First, in
Section 2, we provide a review of Bayesian meta-analysis and
NMA; Section 3 then provides full detail on the models and frame-
work that will be used throughout. Section 4 discusses a strategy
and checklist for the development and reporting of a Bayesian
meta-analysis in the context of drug safety. Section 5 illustrates
in the context of our NSAIDs example, utilizing the models and
methods described in Section 3. Finally, Section 6 discusses our
findings and offers areas for further exploration.

2. A REVIEW OF BAYESIAN META-ANALYSIS

2.1. A brief review of methods for Bayesian meta-analysis

In the case of a comparison involving two treatments with a single
primary outcome, the classical texts on Bayesian meta-analysis
utilized Monte Carlo methods [15] and MCMC methods [16], in
a model with random effects placed on the treatment contrasts.
Since these early developments, a vast literature has evolved with
particular emphasis on random effects models (for a recent exten-
sive review, see [17]), including meta regression [18], alternative
scales and link function [19], selection of prior distributions for
variance components [20, 21], combining individual patient data
with aggregate data [22], combining data with different levels
of rigor and relevance via prior elicitation [23], flexible random
effects assumptions [24, 25], and subgroup analysis [26]. Note
that all of this work focuses on approaches to deal with hetero-
geneity, either indirectly through modeling assumptions or more
directly by introducing additional information together with an
appropriate regression structure. The emphasis on Bayesian ran-
dom effects models is likely due to the potential advantages of
MCMC in a generalized linear mixed model (GLMM) setting over
alternative classical estimation procedures (e.g., see [27]). Note
that these developments are applicable to all forms of likelihood
(e.g., binomial, normal, and Poisson) and link functions within
a GLMM framework. In the following case study, we focus on a
Poisson sampling model with a log link. In terms of guidance
on implementation of Bayesian meta-analysis for the practicing
statistician, Dias et al. [7] and Spiegelhalter et al. [10] both provide
excellent tutorial-style material, along with numerous examples
and guidance on software implementation.

As previously mentioned, Higgins et al. [17] provides a recent
review of random effects meta-analysis from both classical and
Bayesian perspectives. When comparing the two approaches,
they emphasize that a Bayesian approach has the additional
advantages of flexibility, allowing incorporation of full uncertainty
in all parameters (but not uncertainty in the model) and of yield-
ing more readily interpretable inferences. Further, they note that
in cases with a large number of large studies, Bayesian nonpara-
metric random effects approaches, such as those discussed in
[25], can be considered as an alternative to the typical normal ran-
dom effects model. In more typical situations, the nonparametric
model might not be well identified. Therefore, sensitivity analysis
with a range of parametric assumptions, such as t-distributions
and skewed distributions, could be examined using the DIC. In
cases with a few studies, even a normal random effects model can
be difficult to fit using classical estimation techniques. However,
in the Bayesian framework, because informative prior distribu-
tions for the extent of heterogeneity can be utilized, such models
can be fitted with careful prior sensitivity analysis.5
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Looking beyond meta-analysis involving two treatments with
a single primary outcome, further work has developed involving
multiple treatments [5,6] and multiple outcomes [28–30]. As men-
tioned in Section 1, the former has been referred to as NMA or
MTCs. The latter is often described under the umbrella of multi-
variate meta-analysis; see [31] for a recent review focusing on the
Bayesian perspective. Because of the ability to estimate parame-
ters with greater precision due to in-built borrowing of strength,
both approaches could be particularly valuable when dealing
with rare safety events. In this paper, we shall focus on a frame-
work that accommodates multiple treatments within an NMA set-
ting. However, it should be emphasized that the work presented
in Section 3 is applicable to the case involving two treatments
and a single outcome, as discussed earlier in this section. In addi-
tion, some possible extensions to multiple outcomes will also be
examined in Subsection 3.3. This work too is directly applicable
to a situation involving just two treatments. NMA is able to esti-
mate more parameters and with greater precision because of its
borrowing of strength, particularly in the case of sparse data.

2.2. An overview of Bayesian network meta-analysis for
safety events

In this section, we focus on Bayesian NMA models that will be
applied to the case study involving an NMA of NSAIDs. The most
commonly used models will be emphasized, together with exten-
sions and alternatives that are particularly relevant when dealing
with rare safety events.

The analysis of the NSAID data presented in [4] that uti-
lized a Bayesian random effects NMA, with a Poisson sampling
model, following a structure that has been proposed in num-
ber of recent guidance documents on best practices [7, 8]. This
approach extends earlier work on Bayesian meta-analysis involv-
ing just two treatments [16]. In the subsequent text, this model
shall be referred to as the Lu and Ades (LA) random effects
model, after the classical texts [6, 32, 33] from which the models
described in [7, 8] are drawn. It should be noted that Lu and Ades
[6, 32, 33] introduce a broader class of models and in each paper
utilize slightly different parameterizations. The parameterization
we shall subsequently utilize for the LA model will follow Section
5 of [7, 8].

A key feature of this approach is that a separate fixed effect
(or baseline parameter) is associated with each trial, leading to
a structure where there is no borrowing of strength among the
set of trial baseline parameters. This requires that a concurrent
control treatment be assigned in each trial, thus avoiding cross-
trial bias (the potential bias caused by borrowing strength across
trial baseline parameters) [11]. In the case of the treatment effects
or treatment contrasts, within the linear predictor, exchange-
ability is assumed through normally distributed random effects.
When assuming no variation among the set of treatment con-
trasts across trials, the LA fixed effects NMA model, emphasized
by Dias et al. [7] and Hoaglin et al. [8], is formed. These two models
will be the focus of Section 3.1.

One of the potential challenges to dealing with meta-analysis
of rare events is the limited information provided by each trial.
It has been noted that this can lead to challenges when esti-
mating the LA random effects model (see [7], p. 40). In classi-
cal meta-analysis, conducted on a relative scale, it is a common
practice to remove studies in which there are no events in each
of the treatment arms from a meta-analysis (note that this is
not the case for the risk and rate difference scales). A rationale

for dropping these studies is that from a likelihood perspective,
they provide no information on the magnitude of a relative treat-
ment effect [34]. Similarly, in the Bayesian setting, when using the
modeling structure adopted in both LA random and fixed effects
model, with priors that aim to be non-informative, these trials will
contribute very little and can also lead to numerical instability
[35]. If a continuity correction is applied, then these studies will
once again contribute. However, in a meta-analysis involving rare
binary events, it is acknowledged that continuity corrections can
be very influential and their use can produce highly biased results
and misleading conclusions [35, 36].

In the Bayesian setting, a more principled alternative to con-
tinuity corrections is the use of informative priors on back-
ground rates or control rates. However, as noted in [37], the
use of informative priors in NMA is dependent on the choice of
parametrization. Therefore, in Section 3.2, a way to parametrize
the LA random effects model is explored where the same
reference treatment is used in every trial, making the formulation
of informative priors on control rates more feasible.

Along with informative priors on background rates, a fur-
ther possibility is to form a random effects model that borrows
strength across baselines. This can be achieved by either includ-
ing the baseline parameters as a set of random effects (see models
SST2-HOM, SST2-HET, and SST-3 in [6]) or including all treat-
ment arms as random effects to form a multivariate meta-analysis
[38, 39]. Because of the potential for cross-level bias, caused when
the estimation procedure allows borrowing of strength across
control groups and potentially introduces bias by not associat-
ing a separate concurrent control with each study, such model
assumptions must be carefully examined. However, as acknowl-
edged in [7], such an approach might be worthy of consideration
in a case with many zero cells, such as rare event meta-analysis
([7], pp. 40–41). We return to these ideas in greater detail in
Subsection 3.3.

3. METHODS

3.1. Bayesian fixed and random effects models for network
meta-analysis

To provide a framework, NSAIDs context, and corresponding
notation that will be used throughout, let Yik represent the num-
ber of cardiovascular events in arm k of NSAIDs trial i during the
planned trial follow-up period, Eik the exposure time in person-
years, and �ik the event rate. We then assume that the Yik are
conditionally independent with distribution

Yik � Poisson.Eik�ik/ , iD 1, : : : , N , kD 1, : : : , K . (1)

To form the random effects structure, a baseline treatment b
must be the specified for each of the trials. By taking the log link
function �ik D log.�ik/, the LA model assumes

�ik D

�
�i kD b
�i C ıibk k > b

(2)

and ıibk
ind
� N

�
d1k � d1b, �2

�
, (3)

where �ik is a continuous measure of the treatment effect in arm
k of trial i (in this case, a log rate), �i is the effect of baseline
treatment b in trial i, ıibk is the trial-specific treatment effect of
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treatment k relative to treatment b, and �2 represents the vari-
ance of the random effects, assumed to be homogenous across all
treatment comparisons. An alternative is the corresponding fixed
effects model, which assumes no variation among the treatment
effects across trials, so ıibk � d1k � d1b. It is also possible to relax
the assumption of a homogenous variance components [6, 33].
In all of these cases, models (2)–(3) are called contrast-based
(CB) models because the treatment contrasts (ıibk in the random
effects case) are the basic units being modeled and across which
exchangeability is being assumed.

In (2), we assume that for all trials in the network, treatments
are coded in increasing order, so that ‘k > b’ indicates that k
is being compared with baseline treatment b in this trial. The
model assumes that the study effects �i are treated as unrelated
nuisance parameters. As the baseline effects can refer to differ-
ent treatments in different trials, the use of informative priors on
these parameters does not appear to make sense.

By setting d11 D 0, treatment 1 is taken to be the overall base-
line for the network, and the treatment effects of 2, : : : , K , relative
to treatment 1, d12, d13, : : : , d1K , emerge as our basic parameters.
The basic parameters form a spanning tree of the network, allow-
ing the remaining treatment contrasts, (sometimes referred to as
functional parameters) to be expressed in terms of linear combi-
nations of the basic parameters. It is noted that a slightly more
general notation, which was adopted in [33], involves expressing
(3) as ıibk � N.dbk , �2/, where, when assuming dbk D d1k � d1b,
we reach an identical parametrization. However, it is possible to
express dbk using any set of basic parameters that form a span-
ning tree of the network. In NMA, a modeling structure that allows
contrasts of interest to be linked and estimated using a set of basic
parameters is often referred to as the consistency assumption
(see [32] for an extensive review).

To complete the model specification, the following vague prior
distributions can be specified:

� � U.0, 2/,

d1k
ind
� N.0, 1000/ , kD 2, : : : , K ,

and �i
ind
� N.0, 1000/ , iD 1, : : : , N.

(4)

In the case of the fixed effects, the choice of a normal distribution
with a large variance relative to the selected scale of the linear
predictor is often a reasonable choice for a non-informative prior.
Here, both the baseline effects�i and the treatment contrasts d1k
are being treated as fixed effects because the nearly improper
unrelated normal priors are used and essentially preclude the
shrinkage of these effects toward their grand mean. When con-
sidering the variance component �2, it is well known that results
can be sensitive to the choice of prior distribution [9, 20]. The
approach adopted in [4] follows the suggestions of [10], in that,
a U.0, 2/ prior provides a weakly informative prior over a range of
plausible values on the log relative risk scale. In analysis involving
a smaller number of trials (say, five or fewer), a stronger prior such
as half-Cauchy (or half-normal) with an appropriate scale param-
eter has been recommended [40]. Such an approach could also
be adopted in cases involving a larger numbers of studies. A final
possibility would be to develop an informative prior based on the
large body of empirical evidence provided by Cochrane database
of systematic reviews [21].

Note that in the CB models (1)–(4), the�i are nuisance baseline
parameters. This formulation does not require pre-processed con-
trasts and an approximate normal likelihood, but rather merely

associating a baseline treatment with each trial and parameteriz-
ing the model in terms of the contrasts.

3.2. An alternative parametrization based on a missing at
random assumption and a two-way layout

Following the work on two-treatment meta-analysis in [11], an
alternative way to parametrize NMA involves the use of a classi-
cal two-way linear predictor, with main effects for treatment and
trial [37, 39]. As in the previous subsection and [37], the approach
examined here is contrast based, with all treatment effects judged
relative to a baseline. This method utilizes the same likelihood as
the LA model and therefore protects against cross-level bias (i.e.,
it works well when trials have internal validity, but possibly lim-
ited external validity, perhaps due to differing patient populations
across trials).

In the Statisticians in the Pharmaceutical Industry (PSI) working
group paper [37], the two-way random effects model was applied
using maximum likelihood estimation to an example where the
same control treatment was available in every trial. The results
were then compared with the LA Bayesian random effects model.
Here, we focus on the Bayesian framework in the more general
case where a common control treatment is not included in every
trial. To achieve this, it is noted that all studies can in principle
contain every arm, but in practice, many arms will be missing. Fur-
ther, as the consistency assumption implicitly implies a missing as
random assumption (missing at random) [33], a common (though
possibly missing) baseline treatment can be assumed for every
study [41, 42].

Returning to the two-way layout, the linear predictor is defined
as

�ik D si C tk C �ik (5)

where si is the fixed main effect of the ith study, tk is the main
effect of the kth treatment, and �ik is a random effect associated
with �ik .

Following [37], restrictions are placed on one of the fixed
treatment effects and the corresponding treatment-by-study ran-
dom effects (note that the restriction on random effects is not
required). In our case, we set t1 D 0 and �i1 D 0 for i D 1, : : : , N,
where treatment 1 is again taken to be the overall baseline for
the network. A multivariate normal structure is assumed for the
remaining random effects:

.�i2, : : : , �iK /
0 �MVN.0,†/ . (6)

To achieve a homogenous variance, analogous to (3), we can
assume the .K � 1/� .K � 1/ equicorrelated model

†D �2

2
6664

1 � � � � �

� 1 � � � �
...

...
. . .

...
� � � � � 1

3
7775 . (7)

As with the LA random effects model, priors must be assumed
for the remaining parameters. A starting point would be to
assume the same vague normal priors for the fixed effects (i.e.,
tk � N.0, 1000/ , k D 2, : : : , K and si � N.0, 1000/ , i D 1, : : : , N)
and the same uniform prior for � . We note that because the model
described in (5)–(7) focuses on an identical set of treatment con-
trasts to LA random effects model described in Section 3.1 (i.e.,
d12 D t2, : : : , d1K D tK ), the same consistency assumptions are5
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being made. When applying these models with non-informative
priors, almost identical results would be expected. However, in
the two-way model, the baseline nuisance parameters are param-
eterized in a different way offering much greater flexibility when
forming informative priors. Specifically, in the LA model, as the set
of trial baseline parameters .�i/ are nuisance parameters with no
interpretation, default ‘non-informative’ priors must be used. By
contrast, in the two-way model, as each trial has the same param-
eterization .t1 D 0/, an informative prior can be used for the base-
line parameters si , allowing them to be related to the background
rate associated with treatment 1.

The construction of a prior for background rate could be
tackled by developing a baseline history model, a topic which
is discussed in NICE technical support document 5 [43]. In this
document, it is recommended that the same generalized lin-
ear modeling framework should be used to model the abso-
lute effects of a ‘standard treatment’ or placebo comparator and
that investigators should take care to justify their choice of data
sources to inform the baseline, which could include a subset
of the trials identified in the systematic review of relative effect
data, cohort studies, patient registers, expert opinion, or combi-
nations of these. Further, it is suggested that it is preferable to
construct the baseline model independently from the model for
relative treatment effects, in order to ensure that the latter are not
affected by assumptions made about the baseline. In the context
of meta-analysis of rare safety events, the prior would therefore
have to be based on information outside of network to avoid
double use of data sources.

The NICE document also recommended the use of a predic-
tive distribution, rather than the fixed effect or random effects
mean, to reflect the observed variation in baseline rates. When
forming a prior, this idea is related to a wider literature on the dis-
counting of historical information. In particular, the utilization of a
predictive distribution from Bayesian hierarchical model to com-
bine historical data sources, which would then subsequently form
a prior for background rate (see [44] for full details). A noteworthy
alternative involves adjusting the synthesis of studies identified
in a systematic review for potential bias. A possible framework for
bias adjustment, described in [23], provided a qualitative checklist
based on assessing the rigor and relevance of each data source
and then suggested the use of expert opinion to incorporate
an appropriate quantitative discount. Rather than utilizing any
model in the formulation of a prior, a final alternative would be
direct expert elicitation using an established framework, such as
the Sheffield elicitation framework [45–47]. In this case, it would
be important to emphasize to the experts that their prior should
be using information external to the network.

As we do not have an appropriate systematic review to build a
baseline prior for the NSAID case study, in the subsequent analy-
sis presented in Section 5, we shall not directly apply any of these
approaches. The review presented in this section serves as a guide
to possible methods. However, it is acknowledged that practical
experience in this area is somewhat limited.

3.3. Multivariate random effects with borrowing strength
across outcomes

Suppose that in each trial, we now have multiple binary outcomes
indexed by `, where ` D 1, : : : , L. Thus, our Poisson event rate
�ik in (1) now becomes �ik`, with corresponding log-event rate
�ik` � log�ik` (note that alternative sampling models could be
used for different types of outcomes, but the following principles

still apply). Under multiple outcomes, ` D 1, : : : , L, meaning that
our Poisson likelihood model can be rewritten as

Yik` � Poisson.Eik`�ik`/,

where i and k index studies and treatments as before, but now, `
indexes the L outcomes.

Up until now, our models have all been contrast based, in the
sense that they assume a baseline study effect �i augmented
by a treatment effect d1k (for fixed effect models) or ıibk (for
random effect models) that is defined to be identically 0 when
k D b. While extremely common in the literature and existing
software, the approach is not without its drawbacks. First, the
baseline effects are hard to interpret because the baseline treat-
ment b often changes across trials. The method is also asymmet-
ric in its handling of the treatments; note for instance from (2)
that Var.�ib/ < Var.�ik/ for all k > b, even though there is no
substantive reason to suspect such a relationship.

As such, several authors [7, 41] have proposed an arm-based
(AB) parametrization, in which the effect of each treatment is
modeled directly, rather than relative to a particular baseline. In
this framework, we replace model (2) for �ik with

�ik` D log.�ik`/D �k` C �ik` , (8)

where �k` is the fixed mean effect of treatment k with respect
to outcome `, and �ik` is the study-specific random effect, again
for outcome `. If independence across outcomes (but not treat-
ments) is reasonable, we might assume the �i` D .�i1`, : : : , �iK`/

T

vectors to be independently distributed as MVN
�
0,ƒTrt

`

�
, where

ƒTrt
`

is a K � K unstructured covariance matrix capturing rela-
tions of random effects between treatments. In what follows, we
refer to this model as ABRE1. Alternatively, we might assume
dependence of these random effects across outcomes ` but inde-
pendence across treatments. This would lead us to redefine the
random effect vectors as �ik D .�ik1, : : : , �ikL/

T , and assume them
to be independently distributed a priori as MVN

�
0,ƒOut

k

�
where

ƒOut
k is an L � L covariance matrix capturing relations between

outcomes for the kth treatment. We refer to this model as ABRE2.
Note that we may assumeƒTrt

`
DƒTrt for all ` orƒOut

k DƒOut for
all k when it is reasonable to do so.

Finally, in order to capture both correlations across treatments
and outcomes, we would need to modify (8) to

�ik` D log.�ik`/D �k` C �ik C!i` , (9)

where �k � .�i1, : : : , �iK /
T�MVN.0, DTrt/, !` � .!i1, : : : ,!iL/

T�

MVN.0, DOut/, and the two random effect specifications are mutu-
ally independent. Here, DTrt and DOut are K � K and L� L unstruc-
tured covariance matrices. We refer to model (9) as ABRE3. Note
the lack of any triply-subscripted effects, in order to control their
total number and preserve identifiability.

Regarding prior distributions, following common modern
Bayesian practice, we recommend starting with ‘default’, typically
minimally informative priors. For example, we typically begin by
assigning independent vague normal distributions to the �k`,
namely N.0, 1002/ priors. Similarly, we often initially assume that
all inverse covariance matrices follow vague Wishart distributions
with degrees of freedom � and a mean of ���1, where we select
� and � to be the identity matrix and dim.�/, respectively, yield-
ing extremely vague but still proper priors. To check prior sensi-
tivity, we often switch to moderately informative Wishart priors
by changing our � and � selections, for instance, by setting the
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off-diagonal elements of � equal to 0.5 or �0.5 instead of zero,
and the degrees of freedom � to 40. The mean parameters �k`
can also be set to more sensible, non-zero values appropriate in
the given applied context; in what follows, we simply keep these
priors noninformative.

By dropping the dependence on any particular baseline treat-
ment, the AB models seem to implicitly assume that data will
be available on all treatments for all studies. Of course, this will
almost never be the case in practice, but AB models can still be
easily specified and fit under a missing data framework, wherein
we use our full Bayesian model to impute the values of any miss-
ing data as part of our MCMC implementation. Such an approach
is tantamount to assuming that any missing data are missing at
random [48, 49], but nonrandom missingness could be accom-
modated if we were also willing to specify some sort of selec-
tion model. In any case, this AB approach does implicitly assume
consistency between direct and indirect evidence, as well as
comparability of study populations across trials (and not merely
comparability of contrasts with each trial’s baseline). Fortunately,
the former assumption can be checked because numerical dis-
crepancies between any imputed values and corresponding esti-
mates obtained indirectly would suggest lurking inconsistency.
The definition and remedying of inconsistency in AB methods
are areas of ongoing research and subjects to which we return
in Section 6.

3.4. Models for multiple outcomes and finding the
best treatment

The primary goal of MTCs is often to identify the ‘best’ treatment.
However, this determination can be difficult when we are measur-
ing multiple outcomes on each individual. For instance, an MTC
might measure safety in two different ways, by measuring both
the presence or the absence of a particular unpleasant side effect,
and also whether or not an individual was forced to discontinue
the study drug for any reason. Certain drugs might do well on
the former measure but poorly on the latter, and vice versa for
other drugs. In this setting, the hierarchical Bayesian machinery
is well suited to making an overall decision based on the totality
of evidence.

Building upon the multiple outcome setting described in
Section 3.3, a natural Bayesian summary is the posterior proba-
bility of being best under each outcome,

Prfk is the best treatment for outcome ` j y`g

D Prfrank.d1k`/D 1jy`g ,
(10)

a quantity we denote by ‘Best1’. Here, we adopt the conven-
tion that low ranks are good because the outcome has a neg-
ative interpretation (adverse events). Similarly, we might calcu-
late the probability of being the first or second best treatment,
say denoted by ‘Best12’, by replacing the right-hand side of
equation (10) with Prfrank.d1k`/D 1 or 2 j y`g, where again small
ranks indicate best treatments.

Next, to integrate these univariate probabilities over all the out-
comes and obtain one omnibus measure of ‘best’, we can use an
overall, weighted score, defined as

Sk D
X
`

w` d1k` , (11)

where w` is the weight for outcome `, and
P
` w` D 1. Writing

y � fy`, ` D 1, : : : , Lg, the weighted scores Sk can be used to

obtain overall Best1 probabilities as

Prfk is the best treatment overall j yg D Prfrank.Sk/D 1jyg ,

and similarly for Best12. Note that the weights w` are not esti-
mated from the data but chosen by clinicians or other team
leaders based on their relative preferences among the safety
outcomes.

In practice, we recommend investigating several different
weights to see if the decision regarding the best treatment is sen-
sitive to the weighting scheme. In addition, we caution that, while
a single drug may emerge with a fairly large Best1 or Best 12 prob-
ability (say, 0.7), there is often substantial uncertainty associated
with these estimates. Thus, a drug that appears to have a very
high chance of best may not be significantly better than several
others in the MTC. As such, we further recommend looking at
side-by-side boxplots of the d1k` and Sk posterior distributions,
in order to judge their overlap. Finally, in settings where placebo
is known with certainty to be the safest medication, it should be
removed from the ranking procedure (though not of course from
the data analysis itself ).

4. CONSIDERATIONS WHEN REPORTING A
BAYESIAN SAFETY META-ANALYSIS

As described earlier in this paper, there are a number of advan-
tages that the Bayesian approach offers in the context of meta-
analysis applied to drug safety. In this section, we propose a
checklist that will be useful in ensuring standardization of the
reporting process of Bayesian meta-analyses, particularly in the
regulatory setting. This checklist is important for a number of
reasons. First, there is limited consensus regarding the reporting
of Bayesian meta-analysis, in part because within medical prod-
uct development, it is recently emerging among statisticians and
is largely unknown outside the statistical community. Second,
Bayesian methods offer important advantages in flexibility and
complexity relative to frequentist analysis and therefore require
certain aspects be reported and discussed. Third, utilization of
such a list could improve the scientific rigor and ensure trans-
parency, thereby enabling replication and verification by other
investigators and stakeholders. Fourth, standardized reporting
also can promote a consistent approach so that all stakeholders
(regulators, sponsors, investigators, the public, etc) can under-
stand the evidence synthesis more fully. Fifth, the checklist can
provide guidance to reviewers and readers to better understand
such analyses. Finally, given that the terminology tends to be dif-
ferent between a Bayesian and a traditional analysis, standardized
reporting promotes the use of similar terminology and provides
clear distinctions whenever a Bayesian meta-analysis is reported.

There are guidelines available for the implementation of tra-
ditional meta-analysis, such as the PRISMA statement [50, 51], as
well as the general meta-analysis guidelines for the presentation
of meta-analysis results (see [52], Chapter 11). The concepts con-
sidered in the process of a systematic review (such as how to
formulate a study question, conduct literature searches, etc.) are
completely relevant for the conduct of any meta-analysis, regard-
less of whether the analytical approach is Bayesian or frequentist
(see [52], Chapters 5–8).

A general Bayesian checklist, together with a series of exam-
ples, has also been produced in the context of health technology
assessment [10]. In addition, a list for the review of evidence syn-
theses of treatment efficacy used in decision making, based on6
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either efficacy or cost-effectiveness, has been recently provided
in a NICE technical support document [53]. Many of the prin-
ciples are relevant to a meta-analysis for safety data. However,
a Bayesian meta-analysis of a safety outcome has some unique
considerations that may differ from a synthesis of efficacy data.

Along with the work on meta-analysis and evidence synthesis,
there is also a limited parallel literature on the Bayesian report-
ing of clinical trials and observational studies. For example, Lang
and Secic [54] provided the following fundamental elements for
Bayesian reporting: a) report the pre-trial probabilities, and spec-
ify how they were determined; b) report the post-trial probabili-
ties and the corresponding intervals; and c) interpret the post-trial
probabilities. Similar advice is provided in the Annals of Internal
Medicine’s instructions to authors for manuscripts using Bayesian
methods to conduct data analyses. Further, a list of seven items
that 23 international experts believe to be most important when
reporting a Bayesian analysis for scientific publications has been
generated [55]. The set of items were as follows: describing the
prior distribution, through specification, justification, and sensi-
tivity analysis; presenting the analysis in terms of the statistical
model and analytic technique; and presenting the results using a
measure of central tendency and variance.

Based on the preceding literature review, we combine the
ideas on conduct and reporting of meta-analysis with more gen-
eral guidance on Bayesian reporting to produce the checklist for
the conduct and reporting of a Bayesian meta-analysis shown in
Table I. Many of the items in the checklist, including 1–3, 5, 6, 9, 11,
and 14, overlap with and should be considered complementary
to other established clinical trial reporting guidelines, such as the
CONSORT statement [56], as well as general meta-analysis report-
ing guidelines. By contrast, items 4, 7, 8, 10, 12, and 13 reflect
unique aspects of Bayesian meta-analysis reporting in the context
of safety data.

Table I includes four main sections: Introduction, Methods,
Results, and Interpretation. Each main section includes various
items relevant to that section. The user of the table should eval-
uate each item and may wish to utilize the last two columns (left
blank in our template) to confirm whether or not each item has
been addressed and to add any relevant comments. The Intro-
duction section includes items that are specific to the interven-
tion being analyzed along with the meta-analysis objective(s),
while the Methods section focuses on aspects associated with the
planned modeling and analyses to be conducted. The Results sec-
tion relates to specific summaries of the data that should be pro-
vided. Finally, the Interpretation section enables decision makers
utilizing the meta-analyses to appropriately evaluate the results.

5. AN ILLUSTRATION OF THE DEVELOPMENT
AND REPORTING OF A BAYESIAN NETWORK
META-ANALYSIS

5.1. Background to non-steroidal anti-inflammatory
drugs example

Non-steroidal anti-inflammatory drugs are drugs that provide
analgesic and antipyretic effects and, in higher doses, anti-
inflammatory effects. The most prominent members of this group
of commonly used drugs are aspirin, ibuprofen, and naproxen,
all of which are available over the counter in most coun-
tries. NSAIDs inhibit cyclooxygenase (COX)-mediated production
of prostaglandins. Concerns about the cardiovascular safety of

NSAIDs arose since the withdrawal of rofecoxib [57], a selective
COX-2 inhibitor, from the market in 2004 after the results of a
randomized placebo-controlled trial showed an increased risk of
cardiovascular events associated with the drug [58]. This finding
was confirmed in other trials and a cumulative meta-analysis [2].
However, observational studies have provided conflicting data on
the association of rofecoxib with cardiovascular risk [59–64]. In an
effort to provide a more synchronized and comprehensive eval-
uation of the cardiovascular safety of NSAIDs, recently, an NMA
was conducted to integrate all available randomized evidence
[4]. Additionally, systematic reviews of observational studies on
cardiac risk of NSAIDs have also been conducted [57, 65, 66].

The recent systematic review [4] of large-scale RCTs compar-
ing any NSAID with other NSAIDs, paracetamol (acetaminophen),
or placebo for any medical condition uncovered 31 RCTs eval-
uating seven different NSAIDs. Multiple cardiac outcomes were
assessed in the NMA, with fatal or nonfatal myocardial infarction
(MI) as the primary outcome. A Bayesian random effects model
was used, with trials having zero events in both groups excluded
from the analysis. Detailed information of the included studies
can be found in [4]. For illustration, in this case study, we will focus
solely on the MI and stroke outcomes. Thirty studies had MI and
stroke collected. The patient years and number of MI events by
randomized intervention are provided in Table II.

Figure 1 exhibits the network of seven NSAIDs with placebo
for both the MI and the stroke outcomes. The size of each node
denotes the total number of trials studying the drug. The thick-
ness of each edge represents the total patient years, with the
number of studies for the relation on each edge. As can be seen
in Table II, only four NSAIDs (naproxen, celecoxib, rofecoxib, and
lumiracoxib) are connected to placebo; two thirds of the trials do
not include placebo as their control arm. For the analysis, each
drug is assigned an index from 1 to 8 for placebo to lumiracoxib
in a clockwise direction around Figure 1.

5.2. Results

We first applied a number of the models and parameterizations
described in Subsections 3.1–3.3 to the stroke and MI data sep-
arately. Specifically, we considered an AB multivariate random
effects model, the LA fixed effects model, the LA random effects
analysis utilized in [4], and the corresponding random effects
model in a two-way layout utilizing both a standard prior and a
multivariate prior for the fixed effects. In addition, a naive pooling
of the data was investigated for comparison purposes. When fit-
ting these models, and in all subsequent models presented in this
section, WinBUGS 1.4.3 [67] was used to draw 50,000 MCMC sam-
ples from each of two parallel sampling chains following a 50,000-
iteration burn-in period . Because smaller datasets or models that
avoid imputing missing data (i.e., LA models) converge relatively
fast, chains this long may not be required in all cases. However, we
need enough samples to ensure MCMC convergence when the
data are large and complex or when missing data are imputed. To
check convergence, we used several standard diagnostics, includ-
ing lag 1 sample autocorrelations and visual inspection of sample
trace plots.

The results depicted in forest plots of the risk ratios relative to
placebo (Figures 2 and 3) show that the LA fixed effects model
and all random effects models that associated a separate baseline
fixed effect with each trial provide similar results for the stroke
and MI data. By contrast, results from the AB model often fall
between those of the other models and those based on naive
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Table I. Checklist for Bayesian safety meta-analysis.

Item number Key elements for reporting
Bayesian meta-analysis

Description Item completed? Comments

Introduction
1 Intervention and popula-

tion of interest
The intervention to be investigated with respect
to the relevant population

2 Aim of study Research questions and objectives of the meta-
analysis

Methods
3 Study design Special attention should be given to the similar-

ity of studies in order to justify any assumptions
of exchangeability.

4 Prospective Bayesian anal-
ysis?

Whether the prior was constructed before the
data collection and analysis

5 Outcome measure The true underlying parameters of interest for
analysis and reporting

6 Statistical model Likelihood function; whether posterior was
derived by simulation or analytical methods; rate
of missingness and imputation of any missing
covariates; structure of levels of model; choice
of fixed effect versus random effects models and
rationale for choice

7 Prior distribution Choice of prior distributions (and hyperprior dis-
tributions if hierarchical modeling is used) and
rationale for choices; alternative priors for the
purpose of sensitivity analysis should be explic-
itly specified.

8 Computation/software Computational methods for generating poste-
rior inferences; software used and how it is val-
idated if not commercially available; if MCMC is
used, how convergence is checked.

9 Planned analyses for
model checking, prior to
posterior sensitivity, and
convergence diagnostics

The approaches used to check model fit and to
carry out any sensitivity analyses

Results
10 Describe posterior distri-

bution of parameters and
other quantities of inter-
est.

Summaries (numerical and/or graphical) of the
posterior distribution of study specific and over-
all model parameters and other quantities of
interest

11 Results for model checking
and convergence diagnos-
tics

Findings of these analyses and implications for
study results

Interpretation
12 Bayesian interpretation Bayesian interpretation of the results with

respect to central tendency, standard deviation,
or credible interval of the parameters of inter-
est based on the posterior distribution or poste-
rior predictive probabilities of certain hypothesis
statements

13 Impact of prior to posterior
sensitivity

The results of any alternative priors and/or
addressing the impact of choice of priors on the
conclusions

14 Possible limitations of the
analysis

Include an honest appraisal of the strengths and
possible weaknesses of the analysis

6
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Figure 1. Network graph of non-steroidal anti-inflammatory drugs in safety
meta-analysis.

pooling. This is unsurprising as the AB model allows for some bor-
rowing of strength across control groups, although clearly not to
the extent of naive pooling.

To further investigate the data, we fit three AB models with dif-
ferent correlation structures, introduced in Subsection 3.3, and
compare the results to those from the LA random effects model.
The upper part of Table III shows model-specific DIC scores,
which we recall represent a compromise between model fit

�
D
�

and effective complexity (pD). The LA random effects model fits
the data best with the smallest D, although it gives the largest
pD value. ABRE1 assumes independence between the two out-
comes, as in the LA random effects model, but utilizes a missing
data imputation framework. ABRE2 adopts correlation across out-
comes. Smaller pD are observed for these two models than in the
LA random effects model, although their DICs are not apprecia-
bly different (i.e., the difference between them is smaller than
5). However, ABRE3 (which permits correlation across both out-
comes and treatments) does give an appreciably smaller DIC,
thanks to a pD 11 units smaller than that of the LA random effects
model, apparently the result of shrinkage across the two sets of
random effects.

The lower part of Table III shows rate ratios (RRs) of the seven
NSAIDs to placebo with associated 95% credible intervals. Here,
an RR smaller than 1 indicates a safer drug than placebo in terms
of MI or stroke occurrence. For the MI outcome, the three AB
models agree on the safety ordering of the drugs, but this order-
ing differs from that of the LA random effects model; several
RRs (for ibuprofen, diclofenac, etoricoxib, and lumiracoxib) are
‘flipped’ to the other side of 1. Compared to the LA random effects
model, the RRs for ibuprofen and lumiracoxib under AB models
decrease about 50%. We hasten to add that only rofecoxib’s RR
is significantly greater than 0, and even this significance is quite
marginal for the ABRE models. Regarding the stroke outcome,
none of drugs is safer than placebo under the LA random effects
model with several fairly high RRs (ibuprofen, diclofenac, etori-
coxib, and lumiracoxib), while all drugs except naproxen are safer
than placebo under ABRE1 and ABRE2. Still, it is important not to
overinterpret this finding, as none of the 95% Bayesian credible
intervals in this part of the table exclude 1.0. Some RRs in ABRE3
(ibuprofen, diclofenac, and lumiracoxib) are ‘flipped’ from ABRE1
and ABRE2, although they remain close to 1.

Turning to overall rankings of the NSAIDs, we calculate Best12
probabilities for each drug by incorporating the weighted score

(11). We set the MI outcome to be `D 1 and investigate three dif-
ferent weights: w1 D 0.5, 0.8, and 0.2. That is, we consider equal
weight on both outcomes with w1 D 0.5, more weight on MI than
stroke under w1 D 0.8, and vice versa under w1 D 0.2 (because
here, w2 D 1�w1). Because ABRE3 emerges as the DIC-best model
among all AB models, Table IV reports only Best12 probabilities
from the LA random effects and ABRE3 models. In the former
case, placebo is the overall winner across all weighting schemes,
probably the result of the consistently high stroke RRs for all non-
placebo drugs in this model. By contrast, the ABRE3 winner varies
with different weights: Naproxen is safest under w1 D 0.8, but
its slightly higher stroke risk causes etoricoxib to emerge as best
when w1 D 0.5 or 0.2 (i.e., we place greater emphasis on stroke
safety). Still, the Best12 probabilities for the drugs in second and
third places are close to those for winners, the result of the high
degree of uncertainty in these data. Here, we believe that the
discrepancy between the winners under the LA and ABRE mod-
els occurs because of the constraint imposed by CB models like
LA. That is, the LA model assumes that every study has its own
(fixed) baseline effect regardless of whether it is placebo or active
drug, whereas AB models estimate baseline (in this case, always
placebo) effects incorporating all available observed and missing
information. Here, because only 1=3 of our studies have placebo
as their baseline treatment, the estimated placebo effect in the LA
model could be somewhat different from that of the AB model,
and this might lead to different decisions.

The LA model gives O� D 0.34 (0.01, 0.89) and 0.27 (0.02, 0.73)
for the MI and stroke outcomes, respectively, while ABRE2 gives
0.50 (0.35, 0.70) and 0.87 (0.62, 0.87) with 0.5 (0.07, 0.79) corre-
lation between these two outcomes. ABRE3 leads to a bit larger
variability because it has two sources of uncertainty, with 0.31
(�0.36, 0.76) between-outcome correlation. To check sensitivity
of our findings to the prior specification, we switch to moderately
informative Wishart priors on the random effect covariance matri-
ces for ABRE2 and ABRE3, as we described in Section 3.3. We force
the prior mean of diagonal elements of the covariance matrix to
be 1. For ABRE2, these alternative priors do not yield better DIC
scores nor affect the mean parameters�k` very much, even when
� induces 0.5 between-outcome correlation. The estimated vari-
abilities increased to 0.8 for both outcomes, yielding slightly wider
credible intervals of �k`. For ABRE3, we checked three different
priors: adding the moderately informative prior on DOut but not
DTrt , on DTrt but not DOut , and on both of these matrices, in all
cases forcing the corresponding covariance matrices to have vari-
ance 1 and correlation 0.5. As we observed in ABRE2, all three
cases do not produce smaller DIC than under the noninformative
prior. Overall, the estimated �k` is similar to that estimated with
the noninformative prior, although the Best12 probabilities are
changed a bit without switching the winner, except for the first
case (moderately informative prior on DOut alone). In this case,
placebo now emerges as the safest drug, with Best12 probabil-
ity 0.4 when w D 0.5. Again, no narrower credible interval width
is observed because the estimated variability is somewhat larger
than that under noninformative priors.

6. DISCUSSION

The case study presented in this paper reconsidered a previ-
ously published NMA examining cardiovascular outcomes associ-
ated with the use of NSAIDs. In our analysis, we focused on the
impact of different model choices, the interplay between prior
and parametrization, and extensions based on the analysis of6
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Figure 2. Analysis of the myocardial infarction data provided in the non-steroidal anti-inflammatory drug network. Six model fits are displayed, with the posterior 95% inter-
vals and 50% intervals (overlaid), and a symbol marking the median. The models are naive pooling (circle), arm based (solid circle), Lu and Ades (LA) random effects analysis
of Trelle et al. (diamond), LA fixed effects (square), two-way layout with standard prior (triangle point down), and two-way layout with multivariate prior (triangle point up).

multiple outcomes. The analysis showed that the outcomes can
be particularly sensitive to the choice of model and outcome
weighting scheme, emphasizing the need for model sensitivity
analysis along with transparency regarding assumptions and a
fair appraisal of the potential limitations when reporting results.

When presenting the analysis, we did not focus on examining
the assumption of consistency that has to be made when fit-
ting the standard fixed and random effects models, either with
the contrast based or with the AB alternatives. However, in the
previously published analysis [4], a careful examination of consis-
tency is provided. More generally, a number of recently published
guidelines provide a thorough overview of this area [7, 8].

One of the potential weaknesses of our NSAIDs NMA is that
it was unable to account for different dose levels. This problem

is generally difficult to deal with in NMA of summary data.
A possible solution is examined in the recent work presented
in [68], where models are developed that combine NMA with
dose–response modeling. A further limitation of the NSAID
case study was the assumption of a constant treatment effect
across the time a patient is exposed to a treatment, which is
necessary when working with summary exposure data and a
Poisson sampling model. To fully examine this assumption, indi-
vidual level patient data (IPD) meta-analysis is required. Such an
approach permits time-to-event analyses to examine long-term
outcomes and assess the possibility of non-proportional hazards.
In addition, IPD meta-analysis offers a number of other advan-
tages, including the use of common definitions, coding and cut-
points to produce consistent analyses across multiple studies, the
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Figure 3. Analysis of the stroke data provided in the non-steroidal anti-inflammatory drug network. Six model fits are displayed, with the posterior 95% intervals and 50%
intervals (overlaid), and a symbol marking the median. The models are naive pooling (circle), arm based (solid circle), Lu and Ades (LA) random effects analysis of Trelle et al.
(diamond), LA fixed effects (square), two-way layout with standard prior (triangle point down), and two-way layout with multivariate prior (triangle point up).

exploration of heterogeneity at the patient level and subgroup
analyses of patient level data, and the investigation of additional
hypotheses (particularly related to individual patient character-
istics) where the data would be lacking in published results. For
these reasons, IPD meta-analysis is regarded as the gold standard
and, when feasible, should be considered [69, 70].

As an example of Bayesian IPD meta-analysis, we highlight
a recent meta-analysis involving data from multiple compa-
nies that was conducted to investigate the cancer risk in three
tumor necrosis factor (TNF) inhibitors, per EMA request [71].
Seventy-four RCTs that compared TNF inhibitors across mul-
tiple indications for at least 4-week durations were included
(n D 22, 904). Bayesian hierarchical piecewise exponential sur-
vival models were used by dividing time into multiple intervals,

with constant hazard within each interval, allowing for relaxing
the proportional hazards assumption. Class effects and drug-
specific effects among three anti-TNF agents were assessed. The
Bayesian approach provided a very powerful and cohesive frame-
work to model the uncertainty of all parameters in this IPD
meta-analysis setting. The analysis not only took into account
the patient-level covariates including time-dependent covariates
and between-study heterogeneity but also adaptively modulated
the extremes in the rare adverse event setting, so the inferences
would be more robust and reliable.

Another limitation of our data analysis is that all our models
fit the data under the consistency assumption. Checking consis-
tency is technically challenging and an area of ongoing research
activity, especially for AB models. Several authors have suggested6
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Table III. Deviance information criterion and rate ratios of non-steroidal anti-inflammatory drugs to
placebo with 95% credible interval in the parenthesis under Lu and Ades random effects and three
AB models.

LA random effects ABRE1 ABRE2 ABRE3

Dbar 119.6 125.5 129.4 122.3
pD 77.2 73.1 65.2 66.3
DIC 196.8 198.6 194.6 188.6
Rate ratio (95% credible interval)
MI

Naproxen 0.83 (0.38, 1.67) 0.69 (0.25, 1.72) 0.73 (0.34, 1.53) 0.73 (0.30, 1.67)
Ibuprofen 1.70 (0.53, 5.90) 0.88 (0.21, 3.98) 0.77 (0.28, 2.08) 0.88 (0.22, 3.53)
Diclofenac 0.85 (0.30, 2.36) 1.15 (0.52, 2.47) 1.13 (0.60, 2.14) 1.14 (0.51, 2.43)
Celecoxib 1.41 (0.74, 2.80) 1.45 (0.76, 2.82) 1.33 (0.73, 2.41) 1.31 (0.67, 2.46)
Etoricoxib 0.78 (0.24, 2.56) 1.26 (0.49, 3.34) 1.15 (0.54, 2.50) 1.02 (0.38, 2.76)
Rofecoxib 2.11 (1.25, 3.59) 1.97 (1.04, 3.83) 1.83 (1.00, 3.34) 1.84 (0.97, 3.46)
Lumiracoxib 2.11 (0.73, 6.35) 0.82 (0.30, 2.16) 0.71 (0.32, 1.59) 0.88 (0.32, 2.35)

Stroke
Naproxen 1.70 (0.90, 3.27) 1.55 (0.63, 3.61) 1.51 (0.69, 3.26) 1.43 (0.62, 3.20)
Ibuprofen 3.22 (0.97, 11.84) 0.82 (0.21, 3.11) 0.79 (0.25, 2.47) 1.18 (0.28, 5.12)
Diclofenac 2.72 (0.95, 8.29) 0.92 (0.42, 2.08) 0.82 (0.39, 1.73) 1.02 (0.43, 2.48)
Celecoxib 1.09 (0.59, 2.05) 0.84 (0.39, 1.71) 0.79 (0.38, 1.57) 0.84 (0.41, 1.65)
Etoricoxib 2.52 (0.74, 8.63) 0.54 (0.17, 1.60) 0.51 (0.19, 1.31) 0.91 (0.30, 2.89)
Rofecoxib 1.05 (0.60, 1.74) 0.88 (0.39, 1.91) 0.82 (0.39, 1.69) 0.93 (0.47, 1.82)
Lumiracoxib 2.64 (1.00, 7.38) 0.79 (0.27, 2.26) 0.77 (0.31, 1.88) 1.06 (0.38, 2.97)

LA, Lu and Ades; DIC, deviance information criterion; MI, myocardial infarction.

Table IV. Decision making of non-steroidal anti-inflammatory drugs data; Best12
probability with weighted score under the Lu and Ades random effects and ABRE3 models.

w1 D 0.5 w1 D 0.8 w1 D 0.2

LA random effects
Placebo 0.885 (0.32) 0.673 (0.47) 0.880 (0.32)
Naproxen 0.386 (0.49) 0.608 (0.49) 0.107 (0.31)
Ibuprofen 0.020 (0.14) 0.032 (0.18) 0.018 (0.13)
Diclofenac 0.070 (0.26) 0.210 (0.41) 0.029 (0.17)
Celecoxib 0.389 (0.49) 0.105 (0.31) 0.534 (0.50)
Etoricoxib 0.170 (0.38) 0.355 (0.48) 0.087 (0.28)
Rofecoxib 0.072 (0.26) 0.006 (0.08) 0.335 (0.47)
Lumiracoxib 0.007 (0.09) 0.012 (0.11) 0.010 (0.10)

ABRE3
Placebo 0.291 (0.45) 0.244 (0.43) 0.251 (0.43)
Naproxen 0.234 (0.42) 0.449 (0.50) 0.096 (0.29)
Ibuprofen 0.353 (0.48) 0.397 (0.49) 0.296 (0.46)
Diclofenac 0.188 (0.39) 0.138 (0.35) 0.208 (0.41)
Celecoxib 0.168 (0.37) 0.062 (0.24) 0.327 (0.47)
Etoricoxib 0.372 (0.48) 0.310 (0.46) 0.389 (0.49)
Rofecoxib 0.031 (0.17) 0.007 (0.08) 0.134 (0.34)
Lumiracoxib 0.363 (0.48) 0.393 (0.49) 0.300 (0.46)

The ‘best’ treatment is in bold.
LA, Lu and Ades.

various methods to define and measure inconsistency. Both Lu
and Ades [32] and Dias et al. [43] proposed addition of new ran-
dom effects called w-factors, defined by the number of indepen-
dent ‘loops of evidence’ in the NMA network graph. Evidence

that these factors are significantly different from zero implies
inconsistency. An alternative approach, described in [72], intro-
duces node-splitting method, which enables a test of consistency
through the posterior distribution of an additional parameter
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measuring discrepancy between direct and indirect information.
In a similar vein, Presanis et al. [73] identify a ‘separator node’
in the model’s directed acyclic graph (DAG) and test whether
the two resulting portions of the DAG result in the same infer-
ence about the separator node. Recently, Piepho et al. [39] define
inconsistency differently, namely as an interaction between trial
types and treatments, with such interactions estimated using a
two-way linear mixed model. However, a common problem of all
these methods is that such inconsistency-related parameters (i.e.,
w-factors and interactions) are difficult to estimate when data are
sparse, and indeed even difficult to define for complex data struc-
tures (e.g., for graphs featuring multi-arm trials or uncommon
baseline treatments).

The previous example examined a situation where a meta-
analysis was planned retrospectively to examine a key safety
issue. In the development of medical devices, further examples
exist where Bayesian meta-analytic techniques have been used
prospectively as way when planning a new study [74]. In the plan-
ning stage of one trial, which focused on an adjunctive to percu-
taneous coronary intervention and stenting, the prior information
from previous study was synthesized and then incorporated in
the pre-specified analysis plan for the new study (see [75] for fur-
ther background). More details on this important topic can be
found in the companion Drug Information Association Bayesian
working group paper that focuses on the design and analysis of
safety trials [76].

One final topic for discussion and future research involves
extensions that borrow strength across multiple outcomes
[29, 77], subgroups [37], or some combination of both [30]. The
use of appropriate Bayesian exchangeability or partial exchange-
ability assumptions seem naturally suited to such problems. How-
ever, because of the flexibility of MCMC–Bayesian methods, the
number of possible models and structures is vast. Clear guid-
ance on how such approaches should be used in practice thus
remains a current research gap. Future work in this area might
also link well with the recent FDA guidance on evaluating cardio-
vascular risk in new antidiabetic therapies to treat type 2 diabetes
[78], where sponsors are encouraged to perform a meta-analysis
of the important cardiovascular events across phase II and III
controlled clinical trials and explore similarities and differences
across subgroups.
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